The objective of this study consists of assessing the application of Generalized Additive Models (GAMs) for estimating Accident Modification Factors (AMFs). GAMs are a new type of models that have been recently introduced by the statistical community for modeling observed data. These models offer more flexible functional forms than traditional generalized linear models (GLMs) and allow for more adaptable variable interactions. As recently documented in the literature, variable interactions should be included in the development of AMFs. To accomplish the study objective, AMFs were derived from GAMs using data collected on rural frontage roads in Texas. The AMFs were then compared to the AMFs produced from a previous study using the same dataset. The results of the study show that AMFs produced from GAMs are more flexible to characterize the safety effect of simultaneous changes in geometric and operational features (or variable interactions) than when independent AMFs are applied together. The results also show that GAMs indicated a non-linear relationship between crash risk and changes in lane and shoulder widths for frontage roads in Texas.
INTRODUCTION
The development and use of Accident Modification Factors (AMFs) in highway safety has gained a lot of popularity over the last few years (see Shen and Gan, 2003; Hughes et al., 2005; Lord and Bonneson, 2006; Bahar et al., 2007; Elvik, 2009) . AMFs are multiplicative factors used for adjusting accident frequency estimated from baseline models to quantify changes in geometric design and traffic operational features (Hughes et al., 2005 ). An AMF greater than 1.0 represents the situation where the change is associated with more crashes while an AMF less than 1.0 indicates a change with fewer crashes. The AMF can be represented by a single value that describes average conditions (Hughes et al., 2005) In Equation (1), baseline models represent estimated regression models using data that meet specific nominal conditions, such as 12-ft lane and 8-ft shoulder widths for two-lane rural highway segments or no turning lanes at intersections. These conditions usually reflect design or traffic operational variables most commonly used by state transportation agencies (defined as state DOTs). Consequently, baseline models typically only include traffic flow as covariates (e.g., Various methods have been proposed to estimate AMFs. The most popular ones include the before-after study, regression based models and the cross-sectional study (see Hauer and Persaud, 1996; Harwood, 2000; Washington, 2005; Gross and Jovanis, 2007a; Fitzpatrick et al., 2008; Bonneson and Pratt, 2008; Gross et al., 2009) . Over the last few years, a selected number of researchers have found several issues with these methods (Shen and Gan, 2003; Bonneson and Lord, 2005; Gross and Jovanis, 2007a) . From those noted in the literature, two important limitations have been identified. First, notwithstanding the method used in their development, each AMF is usually assumed to be independent, which means that each design and operational element is analyzed by itself without considering the influence of other design or operational features. In practice, AMFs may not be completely independent, since changes in geometric design or operational characteristics on highways are not done independently (e.g., lane and shoulder width may be changed simultaneously) and the combination of these changes can influence crash risk differently than if they are estimated separately. As a matter of fact, Bonneson et al. (2007) and Gross et al. (2009) have both argued that the interaction between design features should be included in the development of AMFs.
Second, most of the methods utilized for estimating AMFs assume a linear (or exponential) relationship between safety and changes in design or operational features (this only applies to accident modification functions). Recently, a few researchers have noted that design elements, such as shoulder or lane width could follow a U-shaped relationship with safety, where the crash risk could be higher both for narrow and wide widths (Hauer, 2000; Xie et al., 2007; Li et al., 2008) . On the other hand, others have found sinusoidal relationships between crash risk and lane and shoulder widths (Gross and Jovanis, 2007a, 2007b ). Given the limitations described above as well as the contradictory results with regards to the function linking crashes to design features, there is a need to determine whether a new method could be used for estimating AMFs that specifically include variable interactions in the development of AMFs, and examine the characteristic of the non-linear relationship between safety and changes in these features.
The objective of this study consists of assessing the application of Generalized Additive Models (GAMs) for estimating AMFs. This work expands on the work done by Lord and Bonneson (2007) on AMF development for rural frontage roads in Texas. GAMs are a new type of models that have been recently introduced in the statistical community to model observed data (Hastie and Tibshirani, 1990; Wood, 2006; Wood, 2003) . These models offer more flexible functional forms than traditional generalized linear models (GLMs) and allow for more adaptable variable interactions. [Note: variable interactions in GLMs are usually used to determine whether or not the variables are different from each other (e.g., different slopes or intercept). However, even when they are used as such, all the variables are assumed to be independent of each other.] Xie and Zhang (2008) , who first introduced GAMs for predicting highway crash frequency, showed that GAMs provided better nonlinear approximation abilities than GLMs while retaining the basic framework of GLMs.
Furthermore, GAMs can still generate statistically interpretable results, similar to GLMs. To accomplish the study objective, AMFs produced from GAMs were estimated using data collected on rural frontage roads in Texas. The AMFs were then compared to the AMFs documented in Lord and Bonneson (2007) .
This paper is divided into eight sections. The second section presents a literature review on existing methods used for estimating AMFs. The third section describes the summary statistics of the data. The fourth section provides details about the characteristics of GLMs and GAMs. The fifth section explains the statistical analysis procedure to develop the GAMs. The sixth section describes the frontage road AMFs derived from the data and GAMs.
The seventh section documents the comparison of the Safety Performance Function (SPF) developed in this work and the one documented in Lord and Bonneson (2007) . The last section summarizes the work carried out in this research and provides ideas for further work.
BACKGROUND
AMFs can be estimated using various statistical methods. The four most common methods that have been documented in the literature are briefly described below.
The first method is based on the before-after study framework. This method consists of estimating the safety effects of changes in geometric design features, traffic operations, or other characteristics by examining the increase or reduction in crash counts between the before and after periods. Three techniques have been proposed for this kind of study: 1) the simple or naïve before-after study, 2) the before-after study with a control group, and 3) the before-after study using the empirical Bayes (EB) method. These techniques, including their limitations, have been well documented by others and are not described here (Hauer, 1997 , Persaud et al., 2001 Ye and Lord, 2007) . With the before-after study, the AMF can only take a single value rather than a function.
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The second method consists of estimating AMFs using the coefficients of regression models. This method has been used by Lord and Bonneson (2007) This method provides a simple way to estimate the effects of changes in geometric design features. However, although the variables are assumed to be independent, they may still be correlated (or not truly independent), which could affect the coefficients of the model.
The Variance Inflation Factor (VIF) can be used for detecting correlated variables, but this procedure only flags extreme cases of correlation (Myers, 2000) . With this method, the AMF can only follow an exponential relationship or function.
For the third method, AMFs are estimated using baseline models and applying them to data that do not meet the nominal conditions. This method has been proposed by Washington et al. (2005), who have re-calibrated models for estimating the safety performance of rural signalized and unsignalized intersections. For this method, the baseline model is first applied to sites not meeting all of the baseline conditions; then, the predicted and observed values per year are compared with each other, and a simple linear relationship between these two values is estimated via a regression model to determine whether or not AMFs could be produced from its coefficients. The linear equation is given by the following: This method only provides a single value for the AMF, similar to the first method.
The fourth method consists of estimating the AMF using a cross-section study. In this method, sites with different characteristics are directly compared with each other. In the literature, two approaches have been proposed under this method. For the first approach, Gross and Jovanis (2007; proposed the use of a case-control design (often referred to as a cohort study in epidemiology). The objective of this approach is to estimate crash risk using odds ratio for different geometric design characteristics. They applied their approach to estimate the safety effects of lane and shoulder widths located on rural two-lane highways in Pennsylvania. They found a sinusoidal relationship between lane and shoulder widths, which is counterintuitive since very narrow widths were found to be as almost safe as widths meeting the nominal conditions (Hauer 2000, Li et al., 2008) . Nonetheless, one advantage of the case-control design is that it does not have an inherent assumption about the functional form between the geometric feature under investigation and changes in safety.
The second approach was proposed by Bonneson and Pratt (2008) Networks for estimating predictive models and AMFs also for rural frontage roads in Texas.
They used a subset of the data used in this research. The results showed that AMFs for lane and shoulder widths were also non-linear and followed a U-shaped relationship, similar to the relationship described below (narrow and very wide widths experienced more crashes).
Expanding on their work, Li et al. (2008) used Support Vector Machine Models to the same dataset and found similar results. It should be pointed out that the primary study objectives of the latter two studies were not related to AMF development, but as a new methodology for predicting motor vehicle crashes. The next section describes the characteristics of the data.
DATA
The data used for developing the GAMs were collected at 123 segments on rural frontage roads in Texas. This is the same dataset used by Lord and Bonneson (2007) . This dataset included both one-way and two-way frontage road segments, as shown in Figure 1 . Lord and Bonneson (2007) Only "segment-related" crashes were used in this study in order to eliminate the influence of intersections and ramp terminals. Tables 1 and 2 More detailed descriptions about the data collection process can be found in Lord and Bonneson (2007) . In this research, the data were grouped for KABCO (or defined as total)
and KABC crashes (injury).
CHARACTERISTICS OF MODELS
This section briefly describes the fundamental characteristics of GLMs and GAMs.
The GLMs are described here to better explain the differences with GAMs.
Generalized Linear Models
The number of crashes at the i th rural frontage road segment Y i can be assumed to follow a negative binomial (NB) distribution. A typical NB regression model is usually characterized the following way (Miaou, 1994) :
where, An important aspect related to the development of predictive models is the selection of the functional form, ( ) i g x , linking the dependent variable to the covariates of the model. As discussed by Xie et al. (2007) , the functional form is usually determined empirically and is often influenced by transportation safety analyst's experience. For both NB and Poisson GLMs, Lord and Bonneson (2007) selected the following functional form:
where, (8) and (9), i μ is reasonably assumed to increase in direct proportion to the increase of i L . However, with the limitation of GLM, ( )
μ is assumed to have linear relationship with ( ) ln i F and ij x , which might be non-linear (other than logarithmic when it is transformed back). As discussed below, the GAM could offer another choice with more flexible options for modeling.
Generalized Additive Model
Compared to the GLM shown in Equation (9) The theoretical development of GAMs has been documented in Hastie and Tibshirani (1990) and Wood (2006) . Xie and Zhang (2008) introduced GAMs with smooth function bases of cubic regression splines to predict the crash frequency at signalized intersections.
The bases for using cubic regression splines are only useful for representing smooth functions for one variable. In this study, the bases known as thin plate regression splines were adopted.
With these bases, the smooth function can be used for grouping (or smoothing) multiple variables together. The following paragraphs in this section briefly describe the characteristics of thin plate regression splines (Wood, 2003; 2006 ).
Suppose we have n observations ( ) (12) becomes (see Wood, 2003; 2006) 
where k = U matrix consisting of the 1 st k columns of U ; and,
It should be pointed out that the smooth function with thin plate regression splines is isotropic and good for smoothing variables with the same unit. The curious reader is referred to Wood (2003 Wood ( , 2006 for additional details on how to derive thin plate regression splines.
Although GAMs are more flexible than GLMs, they are still subjected to a few limitations. First, because GAMs include more parameters, the estimation of the coefficients could become very complex, especially when the default values (in the statistical software package) are not used. Second, since GAMs use spline functions, the estimated coefficients may not be clearly presented or defined. Third, the modeling results between GAMs and GLMs are likely to be similar if the covariates are "truly" independent and the dependent variable has a linear or exponential relationship with the covariates. In this case, there is no advantage in using GAMs over GLMs, and it is possible that GAMs will over fit the data.
MODEL DEVELOPMENT
In this paper, the GAMs were estimated with the MGCV package in the software R (Wood, 2008) . The MGCV package provides smooth function with thin plate regression splines and offers a great tool for estimating GAMs. Since the same dataset as in Lord and Bonneson (2007) was used, the results for the GLMs were taken directly from their paper.
Nonetheless, to validate the results documented in their paper, GLMs were estimated using the MASS statistical package (Ripley, 2008) . The same models were reproduced.
It should be pointed out that estimating GAMs is a little more complex than estimating GLMs because GAMs include more parameters. For example, the parameter γ has influence on the order of the regression splines of GAMs. To simplify the model development, the default values in R were used. For the GAMs, the following functional form, which includes the smooth terms for each explanatory variable, was initially evaluated:
where ( ) . s is a smooth function with thin plate regression splines. For this functional form, both KABCO and KABC models were found to be statistically significant at the 5% level.
Since the interaction between the key variables was an important study objective, the following functional form was utilized: 
EM I
× .
The modeling results using the functional form described in Equation (16) are shown in Equations (17a) and (17b) for total crashes and injury crashes, respectively. More details are summarized in Table 3 . Note that the estimated smooth function ( ) 
DESCRIPTION OF AMFs
Four AMFs were derived from the GAMs, two each for KABCO and KABC models.
AMFs were developed using the coefficients shown in Equations (17a) and (17b). The AMFs produced from the KABCO model were also compared with the AMFs developed in Lord and Bonneson (2007) .
AMF for Lane Width and Shoulder Width
Since AMFs have never been previously estimated using GAMs, there is no existing formula that can be used to compute the AMF for the interaction between lane and shoulder widths. For this interaction, the AMF was estimated using Equation (18). The baseline conditions reflected 12-ft lane width, and an average-shoulder width equal to 1.5 ft. In Equation (18), the AMF is equal to 1 for the baseline condition. It should be noted that , LW SW AMF in Equation (18) Tables 4 and 5 • For KABCO, the decreasing rate of AMF with average shoulder width is smaller than that of the AMF developed by Lord and Bonneson (2007) ; • For KABC, when average shoulder width is larger than 6 ft, the curve becomes almost horizontal, indicating that wider shoulder widths do not reduce crashes.
AMF for Edge Marking Presence on Two-Way Frontage Roads
The AMF derived from the variables associated with the presence of edge line delineation is the following: KABCO:
KABC:
where EM is the proportion of segments with pavement edge markings (two-way frontage road). This AMF was derived for two-way frontage roads.
In Lord and Bonneson (2007) , the same AMF is given by the following:
KABCO:
The graphical representations of these AMFs are shown in Figure 3 . For KABCO, the two AMFs are almost the same.
The curve in Figure 3 suggests that edge markings can reduce severe crashes on twoway frontage road segments by about 40%. As indicated in Lord and Bonneson (2007) , this AMF explains more than just the effect of the presence of pavement markings on crash frequency because the markings is likely to be accompanied by additional warning signs that denote two-way operations.
SAFETY PERFORMANCE FUNCTION
Using the regression model in Equation (17b), a baseline Safety Performance Function (SPF) for KABC can be derived as follows. 
The graphical representation of the SPF, using Equation (23), is shown in Figure 4 , which also presents the SPF developed by Lord and Bonneson (2007) . The two curves show that for ADTs greater than 2500 veh/d, the SPF in this paper is larger than the one developed by Lord and Bonneson (2007) , while both curves get closer together for ADTs less than 2500 veh/d.
SUMMARY AND CONCLUSION
The primary objective of this study consisted of describing the application of GAMs for estimating AMFs. GAMs are a new type of models that have been recently introduced by the statistical community for modeling observed data. These models offer more flexible functional forms than traditional GLMs and allow for more adaptable variable interactions. As reported in the literature, the interaction between variables should be included in the development of AMFs Gross et al., 2009) and GAMs allow for such interaction. To accomplish the study objective, AMFs were derived from GAMs using data collected on rural frontage roads in Texas. The AMFs were then compared to the AMFs documented in a previous study performed by Lord and Bonneson (2007) .
The results of the study show that AMFs produced from GAMs are more flexible to characterize the safety effect of simultaneous changes in geometric and operational features than when independent AMFs are applied together. The results also show that GAMs allow for a non-linear relationship between crash risk and changes in roadway features. Compared to the results documented in Lord and Bonneson (2007) , the AMFs and SPF provided similar values with the exception of the following: the decreasing rate for the average shoulder width KABCO AMF is smaller; for an average shoulder width larger than 6 ft, the decreasing rate for the KABC AMF becomes almost horizontal, which indicates no safety gains are obtained for wider widths; and, for traffic flow greater than 2500 veh/d, the SPF produced from GAMs predicts slightly larger values. The results presented here are different than those reported by Gross and Jovanis (2007, 2008) and Gross et al. (2009) Hastie, T.J., and Tibshirani, R.J., (1990) . Generalized additive models. Champman and Hall, New York.
Hauer, E., (1997 Edge marking presence = lane edge marking (0.5=yes, 0=no) + right edge marking (0.5=yes, 0=no); Two-way operation (1=yes, 0=no). b Combined shoulder width = paved left shoulder width + paved right shoulder width, ft. Lord and Bonneson (2007) are marked with "LW=9 (2)", "LW=10 (2)", "LW=11 (2)", "LW=12 (2)", and "LW=13 (2)". by Lord and Bonneson (2007) 
